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ABSTRACT
Happiness and Policy Implications: A Sociological View

by
Sarah Michelle Kahl

Advisor: Tim Shortell

The World Happiness Report is released every year, ranking each country by who is “happier” and
explaining the variables and data they have used. This project attempts to build from that base and
create a machine learning algorithm that can predict if a country will be in a “happy” or “could be
happier” category. Findings show that taking a broader scope of variables can better help predict
happiness. Policy implications are discussed in using both big data and considering social
indicators to make better and lasting policies.
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CHAPTER 1: INTRODUCTION

After the pandemic hit in 2020, all governments, organizations and businesses looked at
changing policies. This ranged from policy with working from home, COVID-19 testing, and
other immediate changes that were brought on with COVID-19, which killed hundreds of
thousands of people across the world. As a planet, we are not only learning a “new normal” for
what can keep us safe, but what can also increase our sense of well-being, or how happy we are
during this time. Happiness is a theme that has been studied extensively in many different fields,
including psychological, economic, and sociological. How can we be happier? What factors can
make us feel happy and why? How is happiness sustainable in the world that we live in?
Furthermore, given that we have experienced over two years of living in a pandemic, we need
governments more focused on social well-being. Worry and stress have risen – by 8% in 2020
and 4% in 2021 compared with pre-pandemic levels (World Happiness Report). Most of us are
not just planning a “return to normal” after covid but taking these lessons into policy discussions.
A data-driven view of happiness would be a significant contribution to how we are planning to
“build back better.” In my own personal life I have tried to understand my own feelings,
including happiness, and noting how to make habitual change to allow myself to have a greater
sense of well-being. This can also be used on a macro-level as well: if we know what can make
humans happier, we can take that information and influence policy. All aspects of our own
environments today, such workplace, school, organizations, and communities one may be
associated with all have their own indicators of when people are happy and their own strategies
of increasing it. My thesis will aim at considering all sociological factors to gain a richer
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understanding of what aspects of society might be better predictors in determining happiness,
and how this could affect policy.
Before looking at policy, there needs to be a consideration for the background of happiness
research. While researchers have spent over half a century studying happiness, there are still
many conclusions that are still being questioned. Happiness was studied in 1974 by Richard
Easterlin, an economist who theorized that there was a connection between money and
happiness. He founded the Easterlin paradox, which states that average happiness levels do not
increase as countries grow wealthier (Cook, 2021). On a sociological scale (comparing nations)
the influence of economic growth of a nation on social welfare suggests that national economic
growth does not necessarily increase subjective well-being (Lin, 2019). The fundamental cause
of the Easterlin paradox is the relative income theory’s failure to consider the conditional effect
of macro-level economic development on the micro-level mechanisms that influence citizens’
social well-being (Lin, 2019). It is evident that relating what we know on the individual level
regarding happiness and economics can be challenging when making conclusions on a larger
scale. Throughout the history of research involved with happiness, many of these findings have
been extended to the individual level rather than a sociological level.
The term “Positive Psychology” was coined by Abraham Maslow in the 1950’s, where
Maslow and other researchers began to draw attention to the strengths that enable individuals and
communities to thrive (Positive psychology center). This focus on human potential continued to
grow and in the late 1980’s Mihaly Czikszentmihalyi launched “The Science of Happiness”, the
scientific study of what makes happy people happy. Over the last ten years, there has been a
transformation of public interest in happiness (World Happiness Report). We now have multiple
happiness scales, a plethora of data and accessible data sets that have been contributed to the
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literature. However, none of these are seen as an answer to all our questions regarding happiness,
rather certain outlooks and findings that we have found through research. Our knowledge
surrounding happiness is also completely human driven: these scales and measurements are only
as good as our self-reporting surveys. While we know what may influence happiness on the
individual, less in understood on a larger, sociological level.
Another facet to consider is data-driven policy. According to a paper written by Anne van
Veenstra and Bas Kotterink, “Data-driven policy making aims to make optimal use of sensor
data, and collaborate with citizens to co-create policy.” Historically, big data has not been able to
been able to be utilized like it is today. Without computers and internet, applying data on a larger
policy scale is near impossible. We haven’t been able to use big data to help us analyze policy
until the past couple of decades. However, Kotterink and van Veenstra continue to explain that
few public administrations have realized the importance of using data whilst cooperating with
citizens. They write “We found that most innovations are concerned with using new data sources
in traditional statistics and that methodologies capturing the benefits of data-driven policy
making are still under development”. This highlights the limitations that we are facing when
implementing data-driven policy. Ascertaining exactly how to collaborate data and people within
a civil society is a component that seems to be missing when applying intervention programs to
policy (van Veenstra & Kotterink, 2017). If we could consider more social factors when
analyzing the data, we may be able to find better ways to collaborate in writing policy. By
investigating happiness by combining multiple data sets, we may find variables that have
explanatory power for what can make a country happier. These variables can then be utilized, in
cooperation with governments and other agencies, to make lasting policy that can make
communities (and countries) stronger. Our species continues to question the nature of
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“happiness”, and how we can structure our policies to have a positive impact on the world and
our communities.
Another reason that I want to pursue this research project is what we have been
witnessing in the workplace before COVID and comparing that with workplace shift we are
seeing today in America. What is now called “the great resignation”, the United States is
witnessing an unprecedented amount of people leaving their jobs. This trend is quite recent in
American history, with many different findings in early research emerging and society
questioning this relevant pattern. As a researcher I immediately came to the conclusion that
many people were now unhappy in their workplace. An article in the Harvard Business Review
(Cook, 2021) tries to discover some of the reasons why we are seeing this latest trend.
First, it’s possible that the shift to remote work has led employers
to feel that hiring people with little experience would be riskier
than usual…It’s also possible that many of these mid-level
employees may have delayed transitioning out of their roles due to
the uncertainty caused by the pandemic, meaning that the boost
we’ve seen over the last several months could be the result of more
than a year’s worth of pent-up resignations.
The article goes on to explain that a massive number of these workers who have chosen to resign
may have simply reached a breaking point after months and months of high workloads, hiring
freezes, and other pressures. This may have given rise to the idea that there are other options in
our reach that are outside of these new experience’s challenges in the workplace. We are also
seeing many jobs that are project-specific, or even project-based. The gradual shift into this new
scope of being employed is also changing, which may have an impact on employment that is not
contract based. Clearly people are not pleased with working in the condition we have during the
pandemic and will take huge measures to preserve happiness that they can no longer find in the
workplace. While COVID has hit us in unmeasurable ways, it has also given us the opportunity
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to re-evaluate how our institutions, governments and societies are maintained. We can make
changes to try and employ data to shape how we structure our governments and communities.
This research can give us key insights that may be essential in influencing policy in order to
change our environments. I believe that my project, which will use multiple data sets and
ultimately set up a model to predict happiness on a macro scale, can help guide us towards
factors that can drive government or company policy.
I want to look at happiness from a broader standpoint, accounting for all facets of life that
could have an effect on how happy a country can be. The index will play an important role in my
project, and I intend on joining this dataset with multiple others that have even more valuable
information on the country level. Similar to Easterlin’s macro-approach, if I open the scope to
the sociological level, we can look at happiness from country to country. What if we considered
social justice, environment, labor, gender, or other types of knowledge when we think about
happiness? How do these areas of the human existence impact the feeling of happiness? How can
these variables help us understand happiness? Moreover, how can we utilize this information to
implement better policies? While happiness has been studied extensively, it has not been
evaluated at this macro level, considering all human factors that interact with our everyday
emotions. This wider scope can provide valuable insight to happiness on a sociological level;
indicating that how countries are governed and organized is what will affect the country’s
collective happiness.
There is research that explains how studies on reported wellbeing in general can highlight
the gaps between standard measures of economic development and individual assessments of
welfare (Graham, 2005). She even continues to say “…taking such discrepancies into account
may improve the understanding of development outcomes by providing a broader view on
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wellbeing than do income or expenditure-based measures alone… cautions against the direct
translation of results of happiness surveys into policy recommendations.” This only speaks to the
limitations that we see in current literature. To provide meaningful new knowledge on happiness,
we must widen the scope of what data points may account for any variance by including other
variables that may affect one sense of well-being. Hopefully, by integrating variables that may
have explanatory power in determining happiness, we can utilize the key findings to get a
broader sense about what can influence a country’s happiness. Moreover, a macro-level approach
can also provide information that can help guide policy in setting up our own communities and
environments to support the collective’s sense of happiness and well-being.
Furthermore, I am also curious about predictors of happiness. Using the index as a guide,
we can recognize some demographics and statistics that help identify which countries are
happiest. I want to know if there is a way to predict happiness, using not just the World
Happiness Index but also considering the other datasets that are joined. Which variables and
factors can help understand what can make a country happier? Using machine learning
techniques, the analytical model can help identify indicators that distinguish the happiest nations.
While there are many limitations with predictions for human happiness, I believe we can gain
some valuable insight by reflecting on our findings. When we put these data sets together, we
can get a scope of what factors for a nation can impact happiness. With data having a large role
in how we understand our world today, it is also key that we can utilize data to inform policy.
The conclusions from this project can hopefully identify areas where policy can be altered in
order to make all of us happier in our day-to-day lives, while advising us about what data and
what kind of questions are most helpful in altering policy.
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This project comes with its own set of limitations. First, all human-made scales can have
some unintentional bias. For example, these questions are prepared by humans, who have had
their own experiences and education. Second, most of these scales were given to human subjects.
The answers could have ranged due to their mood when taking the test, or how successful
someone saw themself while answering. The surveys that were used have been used before and
are known for their reliability. However, when bringing in data from the human world, we must
be aware of our own limitations with controlling for outside environments or contexts, and
recognize that this data is a human product. Secondly, when researchers have built these scales,
there are a plethora of questions that had to been made along the way. It is necessary to point out
that the product that I end up with was the result of many decisions, which could have been made
differently if led by another researcher. One other facet is that researchers, including myself, are
limited by the socialization of the communities in which they have lived. Our own cultural
experiences and environments limit our comprehension of what others may define as happiness.
The life ladder question may be interpreted differently by people who do not follow Western
norms or customs. Additionally, we must be aware that what may define happiness on a
community level does not equate for happiness on the individual. This project specifically
analyses happiness on a macro scale, and the conclusions and results cannot be applied to the
individual level.
It is also critical to discuss the conceptual and methodological problems of studying
affect in aggregate units. As it is generally understood, individuals (the self) can experience
happiness. We often talk about happy communities and happy countries without being clear
about whether the aggregate is a simple kind of addition of individual happiness, or if there is
another what that these numbers are beings combined. For the purpose of this project, happiness
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is defined as an aggregate of individual properties, considering that the survey data has been
combined from the individuals in each nation. The main independent variables are ascertained by
the Gallup World Poll, which uses randomized phone screenings and face-to-face interviews,
with a sample size from each country being as low as 500 or as high as 2,000 (Gallop World
Poll). The limitations of this approach must be considered in developing conclusions about the
results of the project.
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CHAPTER 2: DATASETS
In my previous coursework while a master’s student, I was able to interact with the
World Happiness Report (WHR). This group provides a comprehensive and succent dataset that
attempts to rank countries by order of happiness, while also delivering a number that associates
how happy that country is. While the WHR is known for how robust the data is, I wanted to
challenge it in a way that hasn’t been done before. The variables included in the world happiness
dataset are: Life Ladder, Log GDP per capita, Social support, Healthy life expectancy at birth,
Freedom to make life choices, Generosity, Perceptions of corruption, Positive affect, and
Negative affect. I wanted to see what we could learn if we included other variables that would
account for happiness. What if gender equality, economic stability and others actually had
explanatory power in defining happiness for a country? This dataset in particularly interesting
due to the specific factors they use for independent variables, which are: Life Ladder, Positive
Affect and Negative Affect. The variable ‘Life Ladder’ is supposed to measure how happy one is
with their life at this current moment (see index for full description). The 2020 World Happiness
Report discusses how positive and negative affect are measured with different scales, and they
are meant to observe both “well-being” and a sense of “worry”, which are not mutually
exclusive. According to the WHR, positive emotions are more than twice as frequent as negative
emotions and therefore will measure two different scales. When considering the dependent
variables that the WHP includes, one could theorize that some of these variables might account
for much of the variance. However, it is imperative to wonder how much variance is explained
when we introduce the other independent variables. Including other facets of the world can give
us a contextualized understanding of what accounts for a country’s happiness, and perhaps
provide more color as to what can influence a countries happiness beyond what the WHP has
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shared. Moreover, this context might be able to direct policy makers into a direction which can
provide healthier and happier environments for humans to exist in.
When I started this project, I wanted to be intentional with what datasets I picked. Since I
was interested in looking at happiness on a macro scale, all my datasets needed to have to be
aggregated at the national-wide level (since the unit of analysis are nations). I also noted that I
wanted to see what specifically about our cultures and societies could account for any variance in
happiness from nation to nation. After experiencing a pandemic and noticing how my own sense
of well-being changed, I had a suspicion that economic factors in a country would have an
impact on a country’s happiness. Once I began looking into the background of economic health
and sense of well-being, I could tell that the relationship between the two was more complicated
than I anticipated. I wanted to have unemployment, employment, and the potential labor force.
According to the world bank [citation], they found that the potential labor force variable was a
better predictor in determining the health of a nation’s economy. Once I downloaded this dataset,
I was able to eliminate the variables that I thought were either colinear to these main three
variables, or was a measure that was either filtered or built in to these main three (such as
employment by gender, or employees versus employers).
Secondly, I was drawn to social justice indicators; would a country is more equitable
have happier citizens? Additionally, how much explanatory power would social justice indicators
have if we attempted to account for the variance between nations? This brought me to the World
Justice Project, an organization that attempts to keep both historical and current social justice
indicators for each nation. The World Justice Project (WJP) Rule of Law Index is a quantitative
assessment tool designed by the World Justice Project to offer a detailed and comprehensive
picture of the extent to which countries adhere to the rule of law in practice. They have eight
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main factors: 1) Constraints on Government Powers, 2) Absence of Corruption, 3) Open
Government, 4) Fundamental Rights, 5) Order and Security, 6) Regulatory Enforcement, 7) Civil
Justice and 8) Criminal Justice. The number given to each factor is associated with each subfactor, which comes from a set of questions from the WJP Rule of Law Index. When deciding
what variables to choose from, I thought that using only the factor variables would be the most
important to include. Moreover, since these numbers are aggregates of the sub-factors, it would
not be appropriate to include each sub-factor.
While the WJP did supply robust and clean data for me to use, I wanted something to
account for gender equality included as an independent variable in my data. Perhaps equality for
men and women could bring a new understanding of justice, and maybe a higher sense of wellbeing for a country. This brought me to the Gender Equality Project, which determines a gender
inequality index number and ranking for each country.
Another piece of data I wanted in my project was environmental health. I thought about
access to clean water, air pollution, and other environmental factors that could affect our health.
Furthermore, having poor health can lead to a decreased sense of well-being (World Happiness
Project). For example, when asked how important environmental protection is for their wellbeing and life satisfaction, 88% of respondents in the German Socio-Economic Panel Study
(SOEP) rate it as important or very important (World Happiness Project). Even though the World
Happiness Project has academic literature on how a clean and healthy environment can increase
the happiness of a nation, however they do not include it for their yearly happiness report. What
if we considered how healthy the environment is in determining happiness? Would this have
explanatory power in determining happiness on a sociological scale? This number is also one of
the few variables that measures something not survey driven or requires a human made scale.
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Instead, the EPI variable equates to clean water, air quality, and other factors that we can
physically measure in the environment.
Finally, the last dataset I chose was the Religion dataset. Religion can foster
communities, and raise a sense of well-being. In one study, researchers found that more than
one-third of actively religious adults in the US describe themselves as very happy and in 12 of
the countries analyzed, those active in religious congregations were found to be happier by a
statistically significant margin than those who are unaffiliated with a religion (Ritschel, 2019). I
felt like this piece was missing from the World Happiness Report.
In terms of using data ethically, these indexes were created for researchers to explore and
to inform the public. While I know the data was collected by a subset of employees that work for
these organizations, it is impossible for me to look at their data team as well as the representation
of diversity. Additionally, I wanted to re-iterate that many of these pieces of data are human
made scales, largely gathered from survey questions. These surveys were designed by humans
and while they are powerful, they also come with their own unique set of limitations.
In discussing the relevance of including multiple data sheets, it is necessary to consider
whether or not these datasets include all of the relevant perspectives on the topics covered.
Whose experiences are included and whose are left out? Given my own lived experience, there
are probably certain experiences that are measured (and datasets that may exist) that may not be
applicable to my own life. These data sets may have not been included and could be crucial in
predicting whether a country falls into a “happy” category. Another consideration for this project
is systematic biases in the way the variables are measured. This can include who is collecting the
data, how they are measuring social indicators, and their own subjective experiences with what
they deem important to the data. Historically, the data field has been dominated by white men,
12

and ignoring other demographics and populations of researchers does affect what the data
represents when using it to make conclusions about our world. As researchers we must critically
acknowledge that our classical understanding of data and how it is measured is a huge limitation
in fully understanding and predicting happiness on a sociological scale.
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CHAPTER 3: METHODS

Once I started cleaning the data sheets, I started to learn what exactly needed to be
considered. For example, the happiness project does not use all 197 countries. There is a basis of
145 countries - but I needed to eliminate the ones that were not included. Since all of the
dependent variables are from the happiness report, it was clear that the countries that were
excluded from that data set should be eliminated from the project. Then, as I started to clean
some of the others, I noticed that multiple years were included. Since I wasn’t interested in
looking at time series data, I decided to look at the year 2019. While I am extremely interested in
how the numbers differ in 2020, I believe that using the last year before the world hit the
pandemic was going give us more accurate results into what can make a country happier (what
variables can explain the variance in happiness). When a country had missing data from the year
2019, I decided to use a year that was near 2019. For example, if a country had data from 2018
and not 2019, I decided to include that data. Since most of the data was survey driven, I do not
believe that using data from the year 2018 would differ in a significant way from the year 2019.
This might give us more salient and germane conclusions when considering policy moving
forward.
Once each individual sheet was cleaned in Excel, I then joined them in Python. I decided
the most consistent variable was the Country Code – there were no spelling variations from
country to country, or language to language. For some of the data sheets, I had to manually add
in the Country Code. Once all country codes were entered, I decided to use VLOOKUP to
ascertain which countries were missing from each data set. I noticed that some of the datasets
had tiny countries (like Vanuatu or Borneo), while others didn’t. I decided to drop these
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countries because the population size was so small, the results of adding them in would be
negligible. It is also easier to drop countries that have missing data from some of the data sets. If
the country wasn’t included in all of the datasets that were joined, it could affect the algorithm
when the model is complete. For example, Hong Kong was recognized in all the datasets except
the Environmental Protection Index. Since Hong Kong is so small compared to other countries,
and since China could represent happiness for Hong Kong (since Hong Kong is geographically a
part of China) I decided to drop Hong Kong as well.
Once I loaded a spreadsheet into Python, I made sure to use the describe method to make
sure the rows and columns were reading in correctly. This includes making sure that every
spreadsheet had a total of 112 rows, to ensure that all data sets had the exact same list of
countries. Once all spreadsheets had the same number of rows, I was ready to join them in
Python. In Python, I decided to use the merge method to combine all seven data sets. The merge
method was the right decision to use because it asks you to identify the index. Once all data sets
were combined, I was ready to start analyzing the data.
When I started the analysis, I decided to not run a series of linear regressions using a
theory-driven model. Instead, I wanted to use an inductive model using machine learning. The
main reason I decided to go with an inductive method instead of a theory-driven model is
because I could not correctly ascertain from the literature which specific datasets may be better
indicators than others. For example, would the Environmental Performance Index spreadsheet
explain happiness better than religion? For this reason, I proceeded with an inductive model. To
decide which variables to include in the model, I needed to consider which factors helped
determine an aggregate variable in each spreadsheet. I also did not want to have redundant
variables to avoid a case of collinearity, so I would also exclude variables that could potentially
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cause this problem. For example, since we had the Gender Inequality Index included, I wanted to
omit variables such as “Percent of Females to receive Higher Education” and “Percent of Males
to receive higher education”, since those were aggregated into the GII Value.
Machine learning did seem helpful to account for the decisions I felt that I could not
make as a researcher. Machine learning is a subfield of artificial intelligence, which is broadly
defined as the capability of a machine to imitate intelligent human behavior (Brown, 2021). With
machine learning, one can give a computer the ability to learn without be explicitly programmed
(Brown, 2021). This is also a form of inductive modelling – meaning that we do not have a priori
information that is being used to decide which exact variables are the most important. Instead,
the model will take all the information it is given and let the algorithm deduce which variables
have more explanatory power. This is a different approach than using theory-driven modeling,
where theory or other tests performed first allow us to ascertain which variables are crucial for
the model. Machine learning algorithms takes the data you provide and splits it into a testing and
training set. Typically, 75% of the data is used to train the algorithm and 25% of the data is used
in the actual “test”, which can tell us how accurate our model is. Machine learning uses an
iterative process to fit the model, which is to adjust the regression coefficients to maximize
classification accuracy given the input parameters Machine learning is best at making predictions
given the data it already has. When using machine learning one must be careful to not overtrain
the data, because then the algorithm could fit the training data well but would poorly predict new
data that is entered into the model.
The issue is that with inductive methods, if there are relatively few cases then it is harder
to find a reliable rule to explain the variation. Machine learning truly works best when there will
be more rows of data added to the model. Let us use traffic accidents as an example. If New
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York City wanted to make driving safer, they can take all the car accidents that happened in New
York City within the last five years or so. They would be able to input other independent
variables to perhaps find a commonality between all the accidents (the dependent variable). The
model could then help us predict what is contributing to the traffic accidents, and the city can
introduce an intervention program to help reduce the number of accidents. One thing to note is
that after this model is completed, it can be continually updated with new traffic accidents. This
can help improve the machine learning model. For my project, I had to note that there was not
going to be more countries introduced into this model since there are a fixed, small number of
countries. However, since a theory-driven model could not be ascertained from the literature, a
machine learning model would be a perfectly fine way to move forward with this project.
Since this project is trying to find what can help explain happiness on a sociological
scale, I decided to actually break the variable “Life Ladder” into two categories – happy and not
as happy. This way, the model could predict whether a country may fall into the “happy”
category or the “not as happy” category. Now, the model is using the numeric data to categorize
the countries into two. This significantly helped the model, since a categorical prediction is more
efficient given the data provided. I also had to be careful when choosing the break point for
“happy” and “not as happy”. I utilized the WHR to decide where this breaking point should be.
According to the 2021 report, life evaluations have risen by one full point or more in some
countries (led by three Balkan countries, Romania, Bulgaria, and Serbia) and fallen this much or
more in other countries in deep trouble, with Venezuela, Afghanistan, and Lebanon dropping the
most. Therefore, I figured the best way to split the countries was using those countries as an
indicator. At first, I chose 5.5 as the split in Life Ladder for the countries. I had Hungary be the
split between “happy” and “could be happier” countries, with a total score of 6.000.
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For positive and negative affect, I approached the differentiation another way. I
calculated both the mean and the median for each. I saw that the mean and the median for each
were 1/100th apart. Statistically, I thought it might be best to put in terms of top 50% for positive
and negative affect, and bottom 50% as well. Therefore, I used the median to separate into “more
positive” and “less positive”, as well as “more negative” and “less negative”.
Since the World Happiness Project has synthesized their data into a finite set of variables,
I wanted to replicate their analysis as a baseline for test my enhanced model, called Model 0.
Model zero is a linear regression that can show us how much variance is accounted for by the
dependent variables given (R squared). The model can also tell us how much explanatory power
each variable has by looking at its coefficient and p-value. I ran three models for each dependent
variable: model 0 was for life ladder, model 1 was for positive affect and model 2 was for
negative affect.
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CHAPTER 4: RESULTS
For the linear regression, using just the variables from the happiness data, I found that
73.5% of the variance was accounted for. Social support and freedom to make life choices had
larger coefficients, therefore having more explanatory power for determining happiness at the
country level.
Table 1a: Results from linear regression using Life Ladder as the independent variable and using
only the dependent variables from the World Happiness Report.
OLS Regression Results
Dep. Variable:

Life Ladder

R-squared:

0.735

Model:

OLS

Adj. R-squared:

0.719

Method:

Least Squares

F-statistic:

46.31

Date:

Mon, 11 Apr 2022 Prob (F-statistic): 9.85E-27

Time:

22:58:59

Log-Likelihood:

-94.315

No. Observations: 107

AIC:

202.6

Df Residuals:

100

BIC:

221.3

Df Model:

6

Covariance Type: nonrobust

Table 1b: Results from linear regression using Life Ladder as the independent variable and using
only the dependent variables from the World Happiness Report.
coef
const

std err t

P>|t| [0.025 0.975]

-2.3233 0.873 -2.662 0.009 -4.055 -0.592

Log GDP per capita

0.0894 0.117 0.761 0.448 -0.144 0.322

Social support

3.6546 0.770 4.747 0.000 2.127 5.182

Healthy life expectancy at birth 0.0446 0.019 2.407 0.018 0.008 0.081
Freedom to make life choices
Generosity

2.1263 0.605 3.514 0.001 0.926 3.327
-0.1543 0.433 -0.357 0.772 -1.013 0.704
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Perceptions of corruption

-0.7303 0.374 -1.953 0.054 -1.472 0.012

Model 1 was another regression run to look at just the World Happiness Project’s data
and another dependent variable they provided: Positive Affect. I found that 51.5% of the
variance could be explained by the World Happiness Project, with again, social support and
freedom to make life choices having more explanatory power.
Table 2a. Results from linear regression using Positive Affect as the independent variable and
using only the dependent variables from the World Happiness Report.
OLS Regression Results
Dep. Variable:

Positive affect

R-squared:

0.515

Model:

OLS

Adj. R-squared:

0.486

Method:

Least Squares

F-statistic:

17.72

Date:

Mon, 11 Apr 2022 Prob (F-statistic): 6.80E-14

Time:

22:58:59

Log-Likelihood:

120.43

No. Observations: 107

AIC:

-226.9

Df Residuals:

100

BIC:

-208.2

Df Model:

6

Covariance Type: nonrobust

Table 2b. Results from linear regression using Positive Affect as the independent variable and
using only the dependent variables from the World Happiness Report.
coef

std err t

P>|t| [0.025 0.975]

cost

0.1666 0.117 1.421 0.158 -0.066 0.399

Log GDP per capita

0.0015 0.016 0.094 0.926 -0.030 0.033

Social support

0.2775 0.103 2.682 0.009 0.072 0.483

Healthy life expectancy at birth -0.0027 0.002 -1.066 0.289 -0.008 0.002
Freedom to make life choices

0.5979 0.081 7.352 0.000 0.437 0.759
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Generosity

0.0422 0.058 0.725 0.470 -0.073 0.158

Perceptions of corruption

0.0078 0.050 0.155 0.877 -0.092 0.108

There was one more linear regression run for the final dependent variable: negative
affect. This was model 2. Social support had the most explanatory power, with perceptions of
corruptions being marginally significant.
Table 3a. Results from linear regression using Negative Affect as the independent variable and
using only the dependent variables from the World Happiness Report.
OLS Regression Results
Dep. Variable:

Negative affect

R-squared:

0.581

Model:

OLS

Adj. R-squared:

0.555

Method:

Least Squares

F-statistic:

23.06

Date:

Mon, 11 Apr 2022 Prob (F-statistic): 6.29E-17

Time:

22:59:00

Log-Likelihood:

155.92

No. Observations: 107

AIC:

-297.8

Df Residuals:

100

BIC:

-279.1

Df Model:

6

Covariance Type: nonrobust

Table 3b: Results from linear regression using Negative Affect as the independent variable and
using only the dependent variables from the World Happiness Report.

coef
cost

std err t

P>|t| [0.025 0.0975]

0.6374 0.084 7.573 0.000 0.470

0.804

Log GDP per capita

-0.0170 0.011 -1.498 0.137 -0.039

0.005

Social support

-0.4504 0.074 -6.065 0.000 -0.598 -0.303

Healthy life expectancy at birth 0.0030 0.002 1.657 0.101 -0.001

0.007

Freedom to make life choices

-0.0836 0.058 -1.433 0.155 -0.199

0.032

0.0306 0.042 0.733 0.465 -0.052

0.113

Generosity
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Perceptions of corruption

0.0653 0.036 1.809 0.073 -0.006

0.137

After running the machine learning model, named model 12, I found that the test set was
84% accurate at predicting if a country was in the “happier” category. The precision score for the
test set was 86% and the recall score is 71%.
Table 4: Results from machine learning algorithm using Life Ladder as the independent variable
and using all necessary dependent variables.
Training: 0.9333333333
Test:

precision recall f1-score support

0.8444444444 0

0.84 0.93

0.88

28

1

0.86 0.71

0.77

17

0.84

45

accuracy
macro avg

0.85 0.82

0.83

45

weighted avg

0.85 0.84

0.84

45

To interpret the results, it is crucial to understand what precision, recall, and accuracy
represent in the classification table. Accuracy tells you how many times the machine learning
model was correct overall (Dang, 2021). To contextual this, accuracy in this tables tells us that
the model can accurately predict countries in higher happiness category 84% of the time.
Precision is how good the model is at predicting a specific category (Dang, 2021). The model in
this project is 89% correct when predicting if a country is in the “happier” category. Finally,
recall tells us how many times the model was able to detect a specific category. For the model,
we can see that the score is 70%, meaning the model could accurately detect whether a country
should be in “happier” category.
It is also important to take a look at the coefficients. The coefficients that are given in the
model’s outputs are standardized, and not responsible for increase in happiness for a given
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country. Rather, the coefficients tell us how the variables are related to each other in explanatory
power for predicting happier countries. This represents which dependent variables are more
predictive of membership in high happiness category. As countries move higher on that
coefficient, it is possible that the model could change by that amount, since it has more relative
explanatory power. This output table shows the coefficients related to life ladder. As we can see,
three categories have scores of 9.00 or higher: Factor 3, Factor 4, and PMW.new.
Table 5. Coefficient size for each dependent variable used in model 12.
Coefficients: [[ 6.98724407E-03 2.03675135E-03 1.96300025E-02 3.27897949E-03
-1.63016253E-04 -1.83822819E-03 -3.12108738E-05 2.43483202E-03
9.18632933E-04 9.72154250E-04 1.74838809E-03 1.20853396E-03
1.29865250E-03 1.78013610E-03 1.53870506E-05 8.13640072E-02
-2.90023309E-02 -1.68224505E-02 8.38902254E-02 2.10105765E-02
2.60927317E-02 9.05567469E-02 -6.69218565E-02 6.98377307E-02
-1.77434230E-02 7.06007814E-02 2.75652055E-02 -2.64054802E-02
-2.76272258E-02 -2.64054802E-02 1.13347103E-02 1.56974883E-03
-1.32582928E-02

]]

Then, I completed model 13, which only changed the dependent variable to positive
affect. The model can predict if a country will be in the top 50% or bottom 50% for positive
affect. I found that the test set was 84% accurate at predicting whether a country will be in the
“top 50% positive affect” category. The precision score for the test set was 86% and the recall
score is 71%.
Table 6. Results from machine learning algorithm using Positive Affect as the independent
variable and using all necessary dependent variables.
Training: 0.9333333333

precision recall f1-score support
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Test:

0.8444444444 0

0.84 0.93

0.88

28

1

0.86 0.71

0.77

17

0.84

45

accuracy
macro avg

0.85 0.82

0.83

45

weighted avg

0.85 0.84

0.84

45

Lastly, I ran model 14, which could predict whether a country would be in the top 50% or
bottom 50% for negative affect. I found that the test set was 84% accurate at predicting whether
a country would be in the “top 50% negative affect” category. The precision score for the test set
was 86% and the recall score is 71%.
Table 7. Results from machine learning algorithm using Negative Affect as the independent
variable and using all necessary dependent variables.
Training: 0.9333333333
Test:

precision recall f1-score support

0.8444444444 0

0.84 0.93

0.88

28

1

0.86 0.71

0.77

17

0.84

45

accuracy
macro avg

0.85 0.82

0.83

45

weighted avg

0.85 0.84

0.84

45

We can also tell that the three models are extremely similar. This indicates that all three
dependent variables (life ladder, positive affect and negative affect) are all great indicators of
happiness and essential can make the same predictions. For this reason, my visualizations will
center around Life Ladder.
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CHAPTER 5: VISUALIZATIONS
All of the interactive visualizations can be found with this link:
https://public.tableau.com/app/profile/sarah.michelle.kahl/viz/SarahKahlThesis/Story1

To see how the variables with the top three coefficients correlated with life ladder, I used
Tableau to plot the relationship. Each circle you will see represents a different country.

Figure 1. The first variable is Factor 3 from the Social Justice Index, which relates to the value
people have for an open government.
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Figure 2. The second variable is Factor 4 from the Social Justice Index, which relates to the
value people have for fundamental rights.
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Figure 3. The third variable is amount of particulate matter in the atmosphere (PMD) from the
Environmental Performance Index.

Additionally, I wanted to graph the coefficient scores from model 12 to visualize the
difference in coefficient size for each variable.
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Figure 4. Coefficient size for each dependent variable in model 12.
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CHAPTER 6: CONCLUSION
With the set of inputs in our model, one can accurately classify whether a county is happy
or could be happier. A strength from the three machine learning algorithms for the three
dependent variables is that they all had the same predictive power. When identifying high
happiness, the models are similar. This indicates that all three dependent variables are equally as
good as predicting happiness for countries.
This project allows us to critically examine the data-driven policy implications moving
forward. We started our model 0 using just the World Happiness Data. While the WHR is
extremely robust, their model could be improved by broadening their scope. The algorithm
informs us that including more variables, such as social indicators, can help predict happiness by
accounting for more variance. The 6 variables that the WHR uses might give us a narrower view
of what happiness looks like on the country level, rather than imputing more social indicators
that might affect how happy a country is. While the WHR gives us some understanding, a
broader approach can expand our understanding of happiness. This can be crucial knowledge in
policy making moving forward.
Noting the article by van Veenstra and Kotterink (2013), we can tell that utilizing big
data for policy making has a tendency to not include constituents. This project is critical in the
framing of data-driven policy making – constituents, citizens, and big data must collaborate
together to form lasting, powerful policy that can help increase happiness of a nation. Moving
forward, this project shows that countries that being mindful about the constituent factors and
social indicators is key in allowing nations to thrive. This critical view aims to include these
social factors since policy directly influences people’s lives, and gives us insight into real world
aggregate happiness. Policy making on the subject on happiness is better the broader it goes.
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One major limitation in ranking countries by happiness and noting just the rank, meaning
the goal is to only try to improve the ranking. A great example of this is college rankings.
Educators around the world constantly try and improve schools. However, instead of improving
the quality of life and education, administrators may only value changing how they rank
compared to other schools. This can leave students just as unhappy or not as educated, while
from the outside it may look like a school is improving. It is possible people could look at this
project and create quick, non-lasting solutions that might not make its citizens happier. For some,
the goal would be to rank higher on the WHR. The purpose of this critical view is to make
lasting policy, influenced by what data can show and working with those who the policy will
affect.
Data-driven policy is the future, but should be approached with care and caution. When
building better environments, we need to be mindful of the questions that will be asked, who is
asking them and how the results will be utilized. I truly do believe that we can create better
communities with happier people using data to inform policy makers. However, it is imperative
that policy makers need to ask the right questions with the right medium. Who has access to
these surveys? How are they being answered: on a computer, or a survey sent through the mail?
What if this ignores homeless communities? Who is interpreting the results? A large challenge
that will arise is developing a medium to gain insightful data to truly drive policy in the right
direction.
We need to be asking the right questions in order to bring about meaningful policy
change. It is also important that data-driven results are not gate-kept by those who are in data. It
is imperative to collaborate with multiple departments, include multiple dimensions in analysis,
and work alongside the citizens that our policies serve.
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APPENDIX 1: INDEX
Social Justice Index
WJP Rule of Law Index: Overall Score
Factor 1: Constraints on Government Powers
1.1 Government powers are effectively limited by the legislature
1.2 Government powers are effectively limited by the judiciary
1.3 Government powers are effectively limited by independent auditing and review
1.4 Government officials are sanctioned for misconduct
1.5 Government powers are subject to non-governmental checks
1.6 Transition of power is subject to the law
Factor 2: Absence of Corruption
2.1 Government officials in the executive branch do not use public office for private gain
2.2 Government officials in the judicial branch do not use public office for private gain
2.3 Government officials in the police and the military do not use public office for private gain
2.4 Government officials in the legislative branch do not use public office for private gain
Factor 3: Open Government
3.1. Publicized laws and government data
3.2 Right to information
3.3 Civic participation
3.4 Complaint mechanisms
Factor 4: Fundamental Rights
4.1 Equal treatment and absence of discrimination
4.2 The right to life and security of the person is effectively guaranteed
4.3 Due process of the law and rights of the accused
4.4 Freedom of opinion and expression is effectively guaranteed
4.5 Freedom of belief and religion is effectively guaranteed
4.6 Freedom from arbitrary interference with privacy is effectively guaranteed
4.7 Freedom of assembly and association is effectively guaranteed
4.8 Fundamental labor rights are effectively guaranteed
Factor 5: Order and Security
5.1 Crime is effectively controlled
5.2 Civil conflict is effectively limited
5.3 People do not resort to violence to redress personal grievances
Factor 6: Regulatory Enforcement
6.1 Government regulations are effectively enforced
6.2 Government regulations are applied and enforced without improper influence
6.3 Administrative proceedings are conducted without unreasonable delay
6.4 Due process is respected in administrative proceedings
6.5 The government does not expropriate without lawful process and adequate compensation
31

Factor 7: Civil Justice
7.1 People can access and afford civil justice
7.2 Civil justice is free of discrimination
7.3 Civil justice is free of corruption
7.4 Civil justice is free of improper government influence
7.5 Civil justice is not subject to unreasonable delay
7.6. Civil justice is effectively enforced
7.7 Alternative dispute resolution mechanisms are accessible, impartial, and effective
Factor 8: Criminal Justice
8.1 Criminal investigation system is effective
8.2 Criminal adjudication system is timely and effective
8.3 Correctional system is effective in reducing criminal behavior
8.4 Criminal system is impartial
8.5 Criminal system is free of corruption
8.6 Criminal system is free of improper government influence
8.7. Due process of the law and rights of the accused
Gender Inequality Index
HDI rank: The Human Development Index (HDI) is a statistic composite index of life
expectancy, education (mean years of schooling completed and expected years of schooling upon
entering the education system), and per capita income indicators, which are used to rank
countries into four tiers of human development. This is how the countries are ranked from
highest to lowest HDI.
GII Value: The GII is an inequality index. It measures gender inequalities in three important
aspects of human development—reproductive health, measured by maternal mortality ratio and
adolescent birth rates; empowerment, measured by proportion of parliamentary seats occupied by
females and proportion of adult females and males aged 25 years and older with at least some
secondary education; and economic status, expressed as labor market participation and measured
by labor force participation rate of female and male populations aged 15 years and older.
GII Rank: Ranking from highest to lowest of the definition above.
Maternal mortality ratio(deaths per 100,000 live births)
Adolescent birth rate (births per 1,000 women ages 15–19)
Share of seats in parliament (% held by women)
Female Population with at least some secondary education (% ages 25 and older)
Male Population with at least some secondary education (% ages 25 and older)
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Female Labor force participation rate (% ages 15 and older)
Male Labor force participation rate (% ages 15 and older)
GDP Clean
GDP in Millions for 2019
World Happiness Report
Life Ladder: The national average response to the question of life evaluations. The English
wording of the question is “Please imagine a ladder, with steps numbered from 0 at the bottom to
10 at the top. The top of the ladder represents the best possible life for you and the bottom of the
ladder represents the worst possible life for you. On which step of the ladder would you say you
personally feel you stand at this time?” This measure is also referred to as Cantril life ladder, or
just life ladder in our analysis.
Log GDP per capita: The statistics of GDP per capita (variable name gdp) in purchasing power
parity (PPP) at constant 2017 international dollar prices.
Social support: the national average of the binary responses (either 0 or 1) to the GWP question
“If you were in trouble, do you have relatives or friends you can count on to help you
whenever you need them, or not?”
Healthy life expectancy at birth: Healthy life expectancies at birth are based on the data extracted
from the World Health Organization’s (WHO) Global Health Observatory data repository.
Freedom to make life choices: the national average of responses to the GWP
question “Are you satisfied or dissatisfied with your freedom to choose what
you do with your life?”
Generosity: the residual of regressing national average of response to the GWP question “Have
you donated money to a charity in the past month?” on GDP per capita.
Perceptions of corruption: : The measure is the national average of the survey responses to two
questions in the GWP: “Is corruption widespread throughout the government or not” and “Is
corruption widespread within businesses or not?” The overall perception is just the average of
the two 0-or-1 responses. In case the perception of government corruption is missing, we use the
perception of business corruption as the overall perception. The corruption perception at the
national level is just the average response of the overall perception at the individual level.
Positive affect: the average of three positive affect measures in GWP: happiness, laugh and
enjoyment in the Gallup World Poll waves 3-7. These measures are the responses to the
following three questions, respectively:
“Did you experience the following feelings during A LOT OF THE DAY yesterday? How about
Happiness?”, “Did you smile or laugh a lot yesterday?”, and “Did you experience the following
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feelings during A LOT OF THE DAY yesterday? How about Enjoyment?” Waves 3-7 cover
years 2008 to 2012 and a small number of countries in 2013. For waves 1-2 and those from wave
8 on, positive affect is defined as the average of laugh and enjoyment only, due to the limited
availability of happiness.
Negative affect: s the average of three negative affect measures in GWP. They are worry,
sadness and anger, respectively the responses to “Did you experience the following feelings
during A LOT OF THE DAY yesterday? How about Worry?”, “Did you experience the
following feelings during A LOT OF THE DAY yesterday? How about Sadness?”, and “Did you
experience the following feelings during A LOT OF THE DAY yesterday? How about Anger?”
(Un)Employment
Unemployment: In millions. Persons in unemployment are defined as all those of working age
who were not in employment, carried out activities to seek employment during a specified recent
period and were currently available to take up employment given a job opportunity. The
unemployment rate expresses the number of unemployed as a percent of the labor force.
Employment: In millions. Persons in employment are defined as all those of working age who,
during a short reference period, were engaged in any activity to produce goods or provide
services for pay or profit. They comprise employed persons "at work", i.e. who worked in a job
for at least one hour; and employed persons "not at work" due to temporary absence from a job,
or to working-time arrangements (such as shift work, flextime and compensatory leave for
overtime).
Labor Force: The labor force comprises all persons of working age who furnish the supply of
labor for the production of goods and services during a specified time-reference period. It refers
to the sum of all persons of working age who are employed and those who are unemployed.
The labor force participation rate expresses the labor force as a percent of the working-age
population.
Environmental Performance Index
Region: Regions are groups of countries in the same area or continent.
EPI.new: Environmental Performance Index number
HLT.new: Environmental Health
AIR.new: Air Quality
PMD.new: PM2.5 Exposure
HAD.new: Household Solid Fuels
OZD.new: Ozone Exposure
H2O.new: Sanitation & Drinking Water
USD.new: Unsafe Drinking Water
Religion Clean
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YEAR: Year
SCODE: ISS Code
SABBREV: Country Abbreviated
ARDAID: Regional ID
NUMISO: Region Number
Country Code: Country Code (Index Variable)
UNCODE: Unique Country Code
INDEP: Independence Score
INPOLITY: Policy Score
INCOW: Gender Score
XCNUM: All holidays per country
XCRNAME: Major Religion Name
XCRID: Major Religion Name ID
XCRDAYS: Number of days in a calendar year
XCR2ID: ID for how many days are in a calendar year
XCR2DAYS: Number of holidays observed
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